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Of the first five US states with food waste bans, 
Massachusetts alone has reduced landfill waste 
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Diverting food waste from landfills is crucial to reduce emissions and meet Paris Agreement targets. 
Between 2014 and 2024, nine US states banned commercial waste generators—such as grocery 
chains—from landfilling food waste, expecting a 10 to 15% waste reduction. However, no evaluation 
of these bans exists. We compile a comprehensive waste dataset covering 36 US states between 
1996 and 2019 to evaluate the first five implemented state-level bans. Contrary to policy-makers’ 
expectations, we can reject aggregate waste reductions higher than 3.2%, and we cannot reject a 
zero-null aggregate effect. Moreover, we cannot reject a zero-null effect for any other state except 
Massachusetts, which gradually achieved a 13.2% reduction. Our findings reveal the need to 
reassess food waste bans using Massachusetts as a benchmark for success. 


educing emissions from the global food 

system is necessary to meet the Paris 

Agreement goal of limiting the average 

global temperature rise to 1.5° or 2°C 

above preindustrial levels (1). Notably, 
food waste and loss account for ~50% of the 
global food system’s emissions (2). Although 
food waste and loss cannot be eliminated, their 
emissions can be substantially reduced with 
recycling (3). For instance, composting food 
waste generates 38 to 84% less methane emis- 
sions compared with landfilling (4). Recog- 
nizing these facts, countries such as France, 
Germany, South Korea, and the US have ad- 
vanced laws and regulations banning the dis- 
posal of food waste in landfills (3, 4). 

In the US—the world’s second-largest emitter 
of greenhouse gases (5)—nine states have en- 
acted food waste bans: Vermont, Massachusetts, 
and Connecticut in 2014; California and Rhode 
Island in 2016; New Jersey in 2021; New York 
in 2022; Maryland in 2023; and Washington in 
2024. Policy-makers tout these bans for their 
potential to reduce methane emissions from 
landfills, conserve landfill space, rescue food 
suitable for consumption, and increase soil 
quality through composting (6-10). However, 
no formal evaluation of these bans exists, with 
past studies being either theoretical or lacking 
a control group (JJ, 12). 

We evaluate the first five US state-level bans 
(where data are available). To do so, we compile 
and analyze a comprehensive state-level waste 
panel dataset covering the years surrounding 
the enactment of the bans, paired with data on 
the bans’ implementation dates, covered mate- 
rials (e.g., food waste or yard trimmings), and 
covered generators (i.e., lists of covered grocery 
stores, restaurants, food manufacturers, con- 
ference centers, and other covered generators). 
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For our analysis, we use a variant of the syn- 
thetic control method, modified to accommo- 
date our relatively short panels (73). 


Predicting potential effects of food waste bans 


Food waste bans are defined by three param- 
eters: implementation dates, covered mate- 
rials, and covered waste generators (table S1). 
When it comes to implementation dates, in ad- 
dition to the nine aforementioned US states, 
seven US municipalities also implemented food 
waste bans between 2009 and 2018 (tables S1 
and S2). When it comes to covered materials, 
although some of the bans cover other organic 
materials as well, such as yard waste and com- 
postable paper, all of them primarily target 
food waste. (We therefore use the phrase “food 
waste ban” instead of “organic waste ban.”) 
When it comes to covered generators, coverage 
is determined by a threshold on the amount 
of produced food (or organic) waste. These 
thresholds vary between bans and within bans 
over time. Commonly used thresholds are 104 
short tons/year (which covers a Whole Foods), 
52 tons/year (which covers an Applebee’s), 
and 26 tons/year (which covers a Starbucks). 
Overall, policy-makers use progressively lower 
thresholds to phase in diversion requirements, 
targeting larger businesses first. 

To quantify each food waste ban’s potential 
impact, we estimate the fraction of waste that 
the ban is expected to divert from landfills and 
incinerators. We use two sets of expected-effects 
estimates: the regulators’ stated predictions 
(found in public documents and their inter- 
actions with the press) and estimates that we 
derive ourselves by pairing the bans’ param- 
eters with additional data. 

We derive our expected-effects estimates 
using two additional data sources: waste char- 
acterization studies (WCSs) and lists of food 
waste generators, both of which are published 
by state environmental agencies. WCSs detail 
the composition of landfilled waste, including 
commercially versus residentially generated 
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food waste. For example, Vermont’s 2018 WCS 
shows that 10.7% of total landfilled waste is 
commercial food waste (fig. S4). Food waste 
generator lists include store-level food waste 
estimates for relevant businesses. We have two 
such lists: Massachusetts 2011 and Vermont 
2013. The Massachusetts list includes 714 gro- 
cery stores, 3833 restaurants, and 797 other 
establishments (such as schools and hospitals) 
and their corresponding food waste estimates. 
Using the Massachusetts list, we calculate that 
a 104-tons/year threshold covers ~47.5% of 
all commercial food waste, 52 tons/year cov- 
ers 68.5%, and 26 tons/year covers 90%. The 
Vermont list includes 397 grocery stores, 1958 
restaurants, and 1189 other businesses, with 
which we corroborate our coverage estimates. 
We use the Massachusetts list’s coverage esti- 
mates to calculate our expected effects of the 
bans for all states—for example, we assume 
that a threshold of 104 tons/year covers 47.5% 
of all commercial waste (Table 1 and fig. S1). 
Our expected effects are lower than those of 
regulators for Massachusetts and California 
and are slightly higher for Vermont (4). 


Calculating the effects of food waste bans 


To calculate the effects of food waste bans on 
waste disposal, we need waste outcomes for mul- 
tiple locations over multiple years. However, local 
agencies record waste at the state, county, and 
facility level, resulting in siloed databases from 
disparate systems. We overcame this data chal- 
lenge by corresponding with 43 state agencies 
and filing 12 public record requests. Our result- 
ing panel tracks waste from 36 states, including 
877 counties, spanning 24 years, and covering a 
maximum of 89% of the US population in 2014 
(fig. S2 and table S4) (/4). For our core sample, 
we keep states with complete panels between 
2006 and 2018, concluding the panels in 2018 
to avoid overlap with the COVID-19 pandemic. 
This sample has 27 states, including five with 
bans—California, Connecticut, Massachusetts, 
Rhode Island, and Vermont—and covers 76.5% 
of the US population (74). 

Further, to calculate the bans’ effects, we need 
a standardized waste outcome. However, states 
have different reporting practices (15, 16). For 
example, some states report waste net of im- 
ports and exports, but others do not (table S5); 
some states report municipal solid waste (MSW), 
which includes everyday items that house- 
holds and businesses discard, whereas others 
report total solid waste, which also includes 
industrial waste. To resolve these reporting dif- 
ferences, we construct our primary outcome 
as the per-capita, state-generated MSW that is 
landfilled or incinerated (as opposed to recy- 
cled or composted) (J4). Henceforth, we refer to 
this outcome simply as “disposal.” (Fig. 1 illus- 
trates a snapshot of disposal in 2018.) 

To estimate the effects of waste bans on dis- 
posal, we use a variant of the synthetic control 
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Fig. 1. Disposal (landfilled or 
incinerated MSW) across the 
continental US in 2018. All 
disposal is in-state generated. For 
California, Colorado, Connecticut, 
Florida, Minnesota, Nevada, New 
Jersey, New Mexico, New York, 
North Carolina, Ohio, Oregon, 
Pennsylvania, South Carolina, 
Tennessee, and Washington, we 
observe county-level disposal. For 
more years, see fig. S3. (Note that 
besides genuine differences in 
disposal, the cross-sectional vari- 
ation illustrated in this figure may 
also reflect differences in report- 
ing.) The green outlines indicate 
treated states (i.e., states with 
food waste bans). 
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method (17). [In particular, we build on (78).] 
This method combines multiple nontreated 
units into a single “synthetic” unit that serves 
as a better control than any nontreated unit 
alone. The synthetic unit provides a counter- 
factual for the treated unit, predicting what 
would have occurred without treatment. By 
comparing counterfactual and factual out- 
comes, we estimate the treatment effect (14). 

Specifically, for each “treated” state affected 
by a ban, we construct a counterpart synthetic 
state as an affine function of a subset of non- 
treated states (i.e., a convex combination of non- 
treated states plus an intercept) to closely match 
the treated state’s preban trends. This synthetic 
state captures evolving trends in disposal—e.g., 
from changes in recycling habits, consumption 
needs, and technology. We then compare actual 
and synthetic control outcomes to separate the 
ban’s effect from such trends, defining the av- 
erage treatment effect on the treated (ATT) as 
the percent difference between actual and syn- 
thetic control total disposal in the postban years 
(eqs. S1, S3, and S4). 

Given that we have relatively short panels (at 
most 16 consecutive years), we take two addi- 
tional steps to prevent overfitting when con- 
structing our synthetic controls. First, as in (18), 
we impose further regularization by forcing 
equal weights on all nontreated states in each 
subset that forms a control. Second, we evaluate 
each synthetic control’s predictive performance 
with a validation period that is separate from 
the training period and covers preban years 
immediately after the training period. All syn- 
thetic controls closely track their correspond- 
ing treated states during the validation period: 
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Table 1. State-level food waste ban details. We calculate our expected effect of each ban on disposal 
by multiplying “Coverage” with “Covered materials.” Coverage is the fraction of total nonresidential food 
waste covered by the ban, based on the ban’s generation threshold during each phase and the food waste 
generator lists. Covered materials is the fraction of disposal covered by the ban, based on the materials 
covered during each phase—e.g., food waste versus other organic waste. We find these latter fractions in 
WCSs (table S3). The rightmost column refers to the implied, expected reductions in disposal in our core 


sample (2006 to 2018) based on regulators’ statements (14). Dashes indicate data not available. 


Stark Coverage Covered Our expected Regulators’ 
Ban Phase (¥ear) pie materials effecton expected effect 
(%) disposal (%) on disposal (%) 
California -18.5 
(AB 1826) 
Gee 


(CGS Sec.22a-226e) II 


Vermont 
(ACT 148) 


The mean average percent error (MAPE) for 
California, Connecticut, Massachusetts, and 
Vermont is below 1.68%, whereas that for 
Rhode Island is 6.20% (eq. S2). 

Note that the key assumption behind our ap- 
proach is that the difference between the actual 
and synthetic control outcomes would have 
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2020 66.5 


15.7 =O) = 


21.4 -21.4 = 


been mean zero during the ban years absent 
the ban. Therefore, our approach would fail to 
recover the true ATT in a treated state if there 
were large, postban structural breaks in that 
state’s disposal (e.g., from a different major 
waste policy change that coincided with the 
ban in a subset of states) (14). 


20f 5 


sajaie ssa0y uado J0} Jdaoxa ‘payjuad you Aj}D143S S| UOIINGIySIP pue asn-ay “yZOZ ‘6 Aaquiaydas UO - sy JeJaq!] Jo aHaljoD syJasnysesseyy Ag “Hio-adualdsmMMM//:sd}34 Ws} papeojuMoO, ‘G8E ‘~ZOZ ‘22UaI9S 


RESEARCH | RESEARCH ARTICLE 
A B 
— Actual -- Synthetic —= Our Exp. Regulators' Exp. e Estimate -——Placebo = =Our Exp. Regulators' Exp. 
0.9- 
Training Validation Evaluation 
0.8- All States | |-+--| 
0.7- —— 
Mean absolute percentage error (%): 1.96 
0.6- 
1.2- 
1.0- California | |-»—_ 
0.8 - 0.65 
0.8 - 
or Connecticut | |» 
Foe- 
g 0. 
o 
a 
no 
c 
2 
> 1.0- 
8 
g 0.9- 
5 08- Massachusetts { |__| 
0.7- 
0.8- 
0.7- 
Rhode Island |-+—-+- 
0.6- 
- i ee ee os 
0.6 - (3) ee Vermont | |} 
2006 2008 2010 2012 2014 2016 2018 45 10 +5 0 5 10 15 
Year Ban effect on disposal (%) 


Fig. 2. The effect of food waste bans on disposal. (A) Time series of actual disposal and synthetic control disposal (i.e., the prediction of disposal absent a 
ban) for each state individually and for all states (top row). “Our Exp.” refers to the expected effect of the bans that we calculate on the basis of their coverage 
(Table 1). “Regulators’ Exp.” refers to the regulators’ expectations found in environmental agencies’ public documents and in regulators’ interactions with the 
press. The mean absolute percentage error refers to the prediction error for each row's validation period. (B) Point estimates of the ATT for each row and the 
corresponding 95% confidence interval of the placebo distribution. 


To assess the statistical significance of our 
estimated effects, we use a placebo-based infer- 
ence method (/4). This method compares each 
treated unit’s estimate with a distribution of 
“placebo” estimates, generated by handling each 
nontreated unit as if it were treated (7, 19). This 
placebo distribution quantifies the size of effect 
estimates that could arise by chance, simply be- 
cause the underlying counterfactual model does 
not perfectly predict the future. Specifically, for 
each treated state, we apply our synthetic con- 
trol method to all nontreated states, as if these 
states had implemented a ban exactly when the 
treated state did. The placebo distributions are 
approximately mean zero and are tight enough 


Anglou et al., Science 385, 1236-1240 (2024) 


to not classify the expected effects of the bans 
(both our expected effects and those of the reg- 
ulators) as zero-null (“nil”) (table S6). 

Note that the key assumption behind our 
inference approach is that treated units are 
not systematically harder or easier to predict 
than nontreated units (20). If nontreated units 
were harder to predict, then our placebo ef- 
fects distributions would be too wide, and we 
would fail to detect small (but real) effects in 
disposal. Conversely, if nontreated units were 
easier to predict, then the method would falsely 
classify spurious deviations between actual and 
synthetic control outcomes as real effects. Al- 
though this assumption is not directly testable 
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during the ban periods, we show strong, sug- 
gestive evidence that it holds during the val- 
idation periods, before the bans. Indicatively, 
the prediction errors of all treated units fall 
within the 2.5th and 97.5th percentiles of the 
nontreated units’ distribution of prediction 
errors (table S6). 


Food waste bans fall short, except 
in Massachusetts 


We find no discernible treatment effect of bans 
on disposal—synthetic and actual outcomes 
continue to move in near lockstep in the post- 
ban years—except in Massachusetts (Fig. 2A). 
More formally, we cannot reject a nil effect of 
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Fig. 3. Potential drivers for Massachusetts’s success. We refer to a ban’s estimated effect from Fig. 2 as the ATT, and we label this effect as significant if 

it lies outside the corresponding 95% placebo confidence interval (otherwise, we label it nil). We measure affordability of compliance (left) with the inverse of the 
average distance between a generator and its nearest composting facility, regulatory simplicity (center) with the inverse of the total number of operators and 
operands in its algorithmic representation, and ban enforcement (right) with the ratio of waste load inspections to covered generators. Massachusetts is an 


outlier across all three metrics. 
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Fig. 4. Food waste composting infrastructure in the US. (Left) Map displaying the locations of food waste composting facilities across the US (14). These facility 
locations are found in lists kept by environmental state agencies. These lists are either posted on the agencies’ websites or were shared with us through public records 
requests. For each state, we use the most recent available list. (Right) Three plots display the distribution of three density metrics across states. 


the bans on disposal, except for Massachusetts 
(Fig. 2B). Pooling across states (giving each state 
equal weight), the ATT estimate is —1.5% (the 
corresponding placebo distribution P value is 
0.24). At the state level, California’s ATT estimate 
is -0.2% (P = 1.00), Connecticut’s is 0.5% (P = 
0.86), Vermont's is 1.2% (P = 0.95), and Rhode 
Island’s is 1.8% (P = 0.82). By contrast, the ATT 
estimate for Massachusetts is —7.3% (P < 0.05)— 
almost exactly matching expectations. 
Furthermore, we can confidently rule out 
meaningful decreases in disposal in states other 
than Massachusetts. We create test distribu- 
tions given the null hypothesis “the true ATT 
is lp” by shifting the placebo distributions so 
that their means equal tg instead of (roughly) 
zero. (The assumption being that disposal pre- 
diction difficulty is level invariant.) Applying 
this approach, we can reject the null hypoth- 
esis that US food waste bans collectively de- 
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creased aggregate disposal by up at the 95% 
level, for all ug < -3.2%. At the state level, we can 
reject all Uy < —4.3% for California (our expected 
effect: -12.0%), Uy < —3.2% for Connecticut (our 
expected effect: —7.2%), Uo < —2.2% for Rhode 
Island (our expected effect: —3.8%), and to < 
—2.9% for Vermont (our expected effect: —8.1%). 

Our results replicate when we use the same 
approach but methane emissions as our out- 
come (fig. S5). Using the US Environmental 
Protection Agency (EPA)’s Greenhouse Gas Re- 
porting Program data (fig. S6), we find a sig- 
nificant 25.7% decrease in methane emissions 
per ton of disposal in Massachusetts in the post- 
ban years (14). By contrast, we cannot reject nil 
effects in California, Connecticut, Rhode Island, 
and Vermont, and for each of these states ex- 
cept Rhode Island and Connecticut, we can 
confidently reject that the bans achieved their 
predicted methane reductions. Our results are 
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also robust across a range of different specifi- 
cations and identification strategies, and the 
nil effects persist for city-level bans and when 
we use composting as our outcome (figs. S7 to 
S10 and tables S7 and S8) (74). 


Potential drivers of Massachusetts’s success 


What might explain the success of Massachusetts? 
Through conversations with regulators, three 
plausible drivers emerge: affordability of com- 
pliance, regulatory simplicity, and stronger en- 
forcement and monitoring. Although we do 
not have the statistical variation for a causal 
analysis, we find that Massachusetts is a clear 
outlier on all three (Fig. 3). 

First, Massachusetts made it affordable for 
generators to comply with the ban by build- 
ing the most extensive food waste compost- 
ing network in the country. To evaluate the 
extent of each state’s composting infrastructure, 
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we collected composting facility location data 
for 31 out of 36 states in our sample (Fig. 4). 
We use three evaluation metrics: density (the 
inverse of the average distance between a food 
waste generator and its nearest facility), cov- 
erage (the number of facilities per 1000 square 
miles), and capacity (the fraction of 2013 dis- 
posal that facilities can process). On each of 
our three metrics, Massachusetts has the 
highest values across all states. For example, 
Massachusetts’s density is 51% higher than 
that of the second-densest state (Vermont) and 
284% higher than the mean. (Rhode Island’s 
lack of detectable treatment effect likely stems 
from low affordability—given its limited com- 
posting infrastructure, most generators are ex- 
empt from the ban.) 

Second, Massachusetts made it easy for 
generators to understand the ban by keeping 
its parameters simple: There are no exemp- 
tions, and the generation thresholds do not 
change frequently. To obtain objective mea- 
sures of regulatory complexity, we converted 
the bans’ regulatory documents into pseudo- 
algorithms and used measures of classic al- 
gorithmic complexity (27, 22). Massachusetts’s 
ban ranks the simplest across the five states 
(table S9 and fig. S11) (74). 

Third, Massachusetts increased the cost of 
noncompliance with the ban. To measure mon- 
itoring and enforcement, we collected data on 
inspections, monetary fines, and notices of 
violations (table S10). On each of these metrics, 
Massachusetts has the highest value. For ex- 
ample, Massachusetts’s monitoring, measured 
by inspections per generator-year, is 216% higher 
than that of the next-highest state (Vermont). 
By contrast, there is almost no enforcement in 
other states. The lack of detectable treatment 
effects suggests widespread noncompliance with 
US food waste bans—i.e., that food waste is still 
being landfilled despite the bans. (We note that 
in 2022, California implemented SB 1383, an ad- 
ditional law requiring jurisdictions to enforce the 
state’s ban. Although enforcement in California 
is still minimal, SB 1383 may improve the ban’s 
effectiveness in the long run.) 
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Our study shows that food waste bans are 
far from guaranteed to be successful, but there 
is potential for them to succeed when com- 
posting infrastructure is sufficient and bans 
are enforced. Given the current limited num- 
ber of bans and the lack of independent var- 
jiation in infrastructure density, enforcement, 
and regulatory simplicity, further investigation 
is needed to determine which of these drivers 
has the largest contribution to a ban’s success. 
For example, if affordability is the key driver of 
a ban’s success, Michigan should focus on ex- 
panding its composting infrastructure (which 
is 77% less dense than that of Massachusetts) 
before moving forward with enacting a ban 
(23). But, regardless of the underlying mech- 
anisms behind Massachusetts’s success, iden- 
tifying the effectiveness (or lack thereof) of 
climate policies is crucial: Failing to recog- 
nize ineffective policies misallocates consid- 
erable resources. 
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